Introduction
The effective management of child protection involves good practice, good law, and effective communication about individual cases between the professional and legal systems involved. Paediatricians' roles in child protection exemplify this process well, and their difficulties mirror those of practitioners in other disciplines. Within the medical system, they need to be able to determine the probability of abuse, given presenting symptoms and signs. Should abuse be likely, part of its management then requires the paediatrician to be able to present findings to the legal system, which allows appropriate legal action to be taken to protect the child and, if appropriate, punish the perpetrator. In the courts, the paediatrician functions as an expert witness i.e., a witness whose opinions are taken as evidence by the court, additional to any factual evidence it accepts. In the United Kingdom, public confidence in medico-legal caused UK paediatricians to become less willing to work with potential child abuse cases (Mathews et al. 2009 ) or make diagnoses of abuse (González-Izquierdo et al. 2010) . US paediatricians' perceptions of child abuse processes also moderated their willingness to report or investigate abuse (Flaherty, Sege, and Hurley 2008) , resulting in inconsistent reporting and systemic bias Lindberg et al. 2013 ). More generally, there have been reports of poor standards in expert witnesses in the UK and Canada (Ireland 2012; Cradock 2011) , while concerns about the validity of expert witness testimony are reported in the US (Johnston and Sartwelle 2013) . The UK has recently moved to reduce the use of any kind of expert witness in Family Court proceedings (Ministry of Justice and Department of Education 2014), though elsewhere expert witnesses' explanations have been valuable in assisting juries to appreciate the significance of counter-intuitive evidence (Seymour et al. 2014) . So, there is a continuing need to improve both the reliability and validity of expert assessments of child abuse, and the confidence any legal system may place in them.
For any practitioner, the diagnosis of child abuse is challenging, and the pressure to be accurate immense. If the history has been obtained from the perpetrators, it may be untrustworthy. Presenting signs may be suggestive of a range of conditions other than abuse. There is thus considerable potential for professional opinion to be biased by "framing effects." These occur because there is a psychological tendency to be averse to, with, in consequence, an attempt to avoid, situations perceived as potential losses (or, equivalently, harm), irrespective of the true balance of risk and benefit involved (Tversky and Kahneman 1981) . With abuse, a risk for false positive diagnosis might arise because even expert practitioners may overestimate the probability of rare but significant events (Lichtenstein et al. 1978) , particularly if the suspected event would trigger an action by the practitioner that would protect a child from possible harm (Tversky and Kahneman 1981) . Conversely, fear of professional censure for an erroneous diagnosis, if sufficiently intense, could lead to a framing effect towards underdetection, as found by González-Izquierdo et al. (2010) . The simple collection of additional confirmatory data also has risks, as excessive information has been associated with impaired practitioner comprehension (White et al. 2010 ) and catastrophic false negative judgments about children being at risk of significant harm (Munro 2010) .
Making use of the literature is an obvious solution to these problems, but integrating practitioners' assessments with research-based probabilities of abuse is fraught.
Research on suspected signs may be sparse or absent, while signs themselves may combine in a multitude of ways, which might not have been researched jointly, even if individual signs have been studied. Some forms of evidence, such as uniform case series, could even contribute to false positive judgments if the prevalence is too low for the series' sampling frame to capture counter-examples, or if alternative causes to abuse have not been sought. While attempts have been made to correct for bias in the quantification of expert opinion (Kynn 2008; Johnson et al. 2010 ) these involve expert surveys, which are clearly not appropriate for the assessment of abuse.
The method we describe below derives a likely range for the probability of abuse (expressed as a decimal between 0 and 1, where 0 = impossible and 1 = certain) in an individual case, based on the relevant literature about its presenting signs and symptoms. Foramlly, this range is called a "90% credible interval", and is defined as being 90% of the full range of probabilities calculated. Interpreting a credible interval requires understanding that there is only a 10% chance of the true probability being below the bottom, or above the top end of the calculated range. Narrow credible intervals indicate that the true probability can be estimated with a high degree of 
Method
Our method uses Bayesian reasoning to estimate the probabilities of observing specific signs and symptoms in abused and non-abused children from published data, and convert these into a probability that a child presenting with these signs has indeed been abused. Box 1 explains the key features of the Bayesian theory.
Box 1: Bayesian concepts
The fundamental aim of Bayes theorem is to formalize how information about one event can
give us understanding of another. A classic application of Bayes theorem, and one which we draw on closely in our method, is to diagnostic testing. Diagnostic tests provide either a positive or negative test result for an event (e.g. presence of a disease), but this is not the same as actually having the event (disease). Tests are flawed and can detect things that don't exist (false positive), and miss things that do exist (false negative). Bayes theorem calculates the actual probability of the event (disease) given that a positive or negative test result has been observed.
Bayes' theorem can be expressed mathematically as follows:
The vertical bar | denotes conditionality, and may be read as "given"; the odds of an event is just the ratio of probabilities: Pr(event occurs)/Pr(event does not occur). It tells us how much more likely it is for the event to occur than to not occur.
Intuitively, Bayes' theorem tells us how a new piece of evidence (e.g. a positive test result) changes the odds in favour of an event (e.g. disease) having occurred. This depends on 2 thingshow likely the event was before we observed the test result (the first quantity on the right hand side of the above equation), and how much more likely it is to get a true positive test result versus getting a false positive result (the ratio on the right hand side of the above equation).
Four steps are required to implement our method:
1. Treat each suggestive sign as a test of abuse, and combine the (as yet unknown) probabilities of abuse and of the occurance of each suggestive sign using Bayes' rule (see Box 1). The assumptions being made when this model is created -in particular, whether the signs would be unrelated to each other in the absence of abuse -should be specifically identified, for later testing.
2. With the model as a guide, review the literature using appropriate definitions of the signs. This will determine if the suspect signs have previously been studied together and, if not, whether sufficient data exists on each individual sign to derive a probability of abuse using the model from 1 above. As probabilities are being estimated, studies must include an appropriate reference population. This criterion clearly excludes case studies and simple case series. Studies including rates of the suspect signs in the absence of abuse, as well as in their presence are also needed.
3. Extract the data needed to estimate each component probability for the model.
4. Run the model to obtain the conditional probability of abuse, given the suspicious signs being considered. With appropriate software, the uncertainty in each component sign's estimate will also be combined, so a credible interval may be calculated around the point probability estimate.
The effect of different assumptions on the model should be tested using sensitivity analyses.
Full details of the development and application of this method are available elsewhere (Best et al. 2013 ). We concentrate here on the model's application to UK case study introduced above, its findings, and their implications for the expert assessment of child abuse.
Step 1 The basic conjecture, that oronasal bleeding and an ALTE together predict abuse, can be expressed, using Bayes rule, as
This can be readily extended to include sibling death from SIDS as an additional sign.
However, any association between sibling death and oronasal bleeding with ALTE might be due to abuse alone (conditional independence), or, additionally, to some other reason e.g., a hereditary disorder. The effects of these alternatives need to be modelled.
Step 2 ALTE was defined using current international guidelines (Michigan and King 1987) .
As no such guidance existed for oronasal bleeding, a set of relevant search terms was developed for the literature search. Details of the search strategy itself are available in (Best et al. 2013) .
Step 3
Data about individual signs were extracted for the model's component probabilities, as set out at Table 1 below • It is not possible to determine exact numbers of abused children with bleeding in the live group, but the number must be between 0 and 4 of the cases initially identified.
• If, when follow-up is included, the number of abused cases in the living group is as high as 7 then the number who had a bleed is between 0 and 6.
Southall et al 1997 (Southall et al. 1997) 37 10  Cases #36 and #37 did not appear to have been abused, so were excluded from denominator. 98 5 -9
Pr(bleed | no abuse, ALTE)
• Children who had not died, excepting those reporting abuse.
• Not possible to determine exact number of bleed cases amongst non-abused in live group but the total in the abused and nonabused groups in live children must be 5 through 9.
Study d n

Comments on data interpretation
Southall et al 1997 (Southall et al. 1997) 48 1 • Unclear whether or not cases #36 and #37 should be included as non-abused, so analyses were conducted both with and without these two cases in the denominator.
It can be seen that, sometimes, only a range of values could be deduced from a publication, and so the impact of this additional source of uncertainty should be modelled by sensitivity analyses. Only two papers (Truman and Ayoub 2002; Southall et al. 1997 ) provided information on sibling death though SIDS, but the problems of data display in (Truman and Ayoub 2002) did not allow even a range of values to be extracted. Of the 37 children with documented evidence of abuse in (Southall et al. 1997) , 26 had siblings, of whom there were seven cases with one or more sibling deaths from SIDS. Two of these cases had also experienced bleeding from the nose or mouth, giving a direct estimate of 2/26 (8%) for the probability of bleeding and sibling death from SIDS in abused infants presenting with ALTE. Among the 48 cases who had not been abused, 45 had siblings, of whom there were two cases with a sibling death from SIDS. None of these cases also experienced oronasal bleeding, giving a direct estimate of the joint probability of oronasal haemorrhage and a previous sibling death from SIDS in non-abused children presenting with ALTE as 0/45 (0%).
Step 4
Probability distributions for each component probability were estimated using Bayesian random effects meta-analysis of the data from Table 1 , implemented in the software WinBUGS 1.4.3. These estimates were then combined using Bayes rule (see above) to obtain a probability distribution (from which credible intervals can be derived) for the probability of abuse. Full details of this are given in (Best et al. 2013) .
Results
The most conservative (main) and three alternative analyses (sensitivity 1, 2 and 3) are presented in Figure 1 : these address the uncertain data identified at Step 3. The main analysis took the lower number of bleed cases in abused infants with the upper number of bleed cases in non-abused infants in the study of (Truman and Ayoub 2002) , and included possible or doubtful cases in the denominator. Sensitivity 1 took, instead, the upper number of bleed cases in abused infants and the lower number of bleed cases in non-abused infants. Sensitivity 2 counted possible abuse cases from (Truman and Ayoub 2002) , (Pitetti et al. 2002) and (Altman et al. 2003) . Sensitivity 3 additionally removed cases #36 and #37 in (Southall et al. 1997 ) from the denominator. When all the uncertainty in the data is considered, the range of reasonable probabilities for a combination of ALTE and oronasal bleeding predicting abuse lies between 0.06 and 0.51. Figure 2 reports the impact of including sibling death from SIDS as an additional sign, as discussed in Step 1 above (results shown for main analysis only). 
Discussion
Applying the method to the experts' conjecture in our case study generated two clinically important results.
1. In contrast to the expert view,, this combination of signs (oronasal bleeding and ALTE) can be no more than suggestive of abuse without further information, given the upper credible probability bound of 0.51, and its wide range. This difference is consistent with the impact of framing effects on expert opinion, as discussed above.
2. The extended model identified unhelpful additional information. Knowing about sibling death from SIDS simply increased the level of uncertainty when all reasonable assumptions about causation were considered, but this information risked generating a further framing effect, as expert practitioners are aware of the independent association of sibling death from SIDS with child abuse.
The first outcome shows that this method is able to construct an evidence-based estimate of the probability of abuse using sparse information, which may helpfully support expert judgments and guard against framing effects. The second, unexpected outcome suggests that it might also be valuable in distinguishing information, in this case sibling death, that is likely to confuse practitioners. While the example demonstrated the potential to avoid an additional framing effect, this could also reduce the risk of false negatives through information overload or false assumptions.
The credible interval the model provides can also give experts guidance as to the strength of evidence from their own examinations needed to override the model's probability assessment. Thus it is consistent with the Structured Professional Judgment approach of (Bortoli and Dolan 2014) , although differing by its estimation of a credible interval for the probability of abuse derived from the evidence. In the absence of such quantification, the use of guidelines seems not to improve the reliability of risk assessment when standardised information is provided (Skivenes and Stenberg 2013) .
As few as three risk factors has been shown to be effective in structuring child abuse reporting (Diderich et al. 2014 ) so, despite the much-discussed complexity of abuse, relatively simple models may prove sufficient to provide useful credible intervals, while the value of additional data may be assessed by addition to a simpler model, to see if it is likely to help or impair professional judgment.
Legal strengths of our method are that, as required in UK law (Thomas LJ, Beatson J, and Kitchin J 2010), it does not replace expert judgment with a statistically calculated opinion, and it also fits the "Daubert" recommendations for evidential support of expert opinion required in US law (Johnston and Sartwelle 2013) .
This method does not infer causal connections from sign to abuse, though it may be adapted to do so under certain conditions (Dawid, Musio, and Fienberg 2013) .
Despite the risks of inadequate data, such meta-analyses may be the only way to accrue data in the absence of a dedicated study on the topic, and the sensitivity analyses undertaken (Best et al. 2013) suggest that, here, these risks were not sufficient to substantially bias the results.
In its prototype form, the method requires time, skills and resources not usually available to the practitioners who assess abuse. Development and evaluation of both simplified software and practitioner training would be needed before it could be generally recommended. Currently, its main application would seem to be in complex cases of suspected abuse, particularly when expert opinion is divided. In those cases, it could provide a much-needed "gold standard" for the evidential basis to support expert assessment. It could also be used as an academic tool, to identify where research is needed to clarify potential risk indicators, particularly in relation to base-rate information. The method could thus contribute significantly to the raising of both confidence and standards in expert diagnosis of child abuse worldwide.
